Bayesian-Networks-Based Motion Estimation for a Highly-Safe Intelligent Vehicle by 亀山  充隆
SICE-ICASE International Joint Conference 2006
Oct. 18-21, 2006 in Bexco, Busan, Korea
Bayesian-Networks-Based Motion Estimation for
a Highly-Safe Intelligent Vehicle
Nguyen Van Dan1 and Michitaka Kameyama2
1'2Graduate School of Information Sciences,Tohoku University, Sendai, Japan
(Tel: +81-22-795-7155; E-mail: 1dan@kameyama.ecei.tohoku.ac.jp,2kameyama@ecei.tohoku.ac.jp)
Abstract: Motion estimation of a moving object is one of the most important technologies to develop a next-generation
highly-safe intelligent vehicle. Although intention of a driver in a target vehicle is key information for the motion estima-
tion, we can not observe directly from sensors. This article presents a building method of Bayesian Networks (BNs) for
motion estimation related to a driver's intention. Driver's intentions are hierarchically defined, so that the BN becomes
as simple as possible. Causal relation between the intentions is discussed to reflect the real-world motion process. As a
result, not only the quality of motion estimation but also the inference performance can be increased. Experimental learn-
ing system based on two-dimensional image processing is also presented for automatic acquisition of the BN probabilistic
parameters.
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1. INTRODUCTION
Estimation is one of the most important processing
modules in real-world applications, because the real-
world motion is much slower than the computation [1]. In
this article, motion estimation for a highly-safe intelligent
vehicle based on probabilistic inference is discussed. It is
well known that one of the typical inference techniques
is a Bayesian Network (BN) [2-4].
In the motion estimation of a target vehicle, estimation
of the driver's intention is a key factor which determines
the future trajectory. To build the BN, we select one of the
road environment models which are stored in advance in
the system. The model must reflect the real environment
where a target vehicle is running. For individual models,
we must build different BNs. Depending on not only the
model but also the target vehicle location, we sometimes
build different BNs. Such a case-depending classifica-
tion is very useful for obtaining precise inference results.
Once an estimation target is determined, the motion esti-
mation is continued until the future trajectory reaches the
final road region defined in advance. The determination
of an estimation target is done by an upper-level supervi-
sor module. Hierarchically defined intentions are used to
obtain reasonable and natural inference results in the BN.
Automatic acquisition of probabilistic parameters is
also discussed. The learning system becomes very sim-
ple, if we consider one road environment model where a
fixed camera is mounted at an appropriate position. Then,
only two-dimensional image processing enables recogni-
tion of several objects such as traffic signal indication.
2. MODELING OF ROAD
ENVIRONMENT
There are many kinds of road environment for vehicle
running such as a crossroads. Therefore, it is necessary to
build an individual BN for each kind of road environment.
One of the hierarchies in a driver's intention corresponds
to selection of a labeled road region as shown in Fig. 1.
The crossroads is divided into labeled road regions based
on inside lane districts.
All the road environment models are stored in advance
in the estimation system. During the real-time inference
for the estimation, the road environment under which the
vehicle is running is recognized by vision sensors and the
subsequent image processing. Then, the matching be-
tween the recognized environment and one of the models
is done. Selecting one of the models, probabilistic rea-
soning can be started using the corresponding BN.
Target Vehicle
Intelligent Vehicle
where Vision Sensors
are mounted !
Fig. 1 One of the road environment models .
3. BN FOR DRIVER'S INTENTIONS
ESTIMATION
The procedure of building the BN can be summarized
as follows:
(1) One of the road environment models is given. For
each model, a range of road regions where the motion
estimation of a target vehicle is done must be specified.
(2) BN classification depending on the vehicle's
present location. The motion estimation will be some-
times precise if we consider different BNs depending on
the vehicle location. For an example, Fig. 2 shows the
BN in the case where the vehicle has not yet entered a
crossroads. It is obvious that information on a traffic sig-
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nal sign affects the future motion. On the other hand, Fig.
3 shows the BN in the case where the vehicle has already
entered a crossroads. The effect of the traffic signal is not
so important to estimate the future motion.
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Fig. 2 BN using hierarchically defined intentions (Be-
fore the vehicle enters a crossroads).
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Fig. 3 BN using hierarchically defined intentions (After
the vehicle enters a crossroads).
(3) Hierarchically defined intentions.
We define intentions at each level as follows:
level- I Intention on the final destination in the road envi-
ronment.
level-2 Intention on trajectory until the vehicle reaches
the destination.
level-3 Intention on speed until the vehicle reaches the
destination.
If we use such a multi-level intentions, the built BN
will be precise and natural for a human, and we can obtain
simpler BN structure than the case of a single intention.
Unless we use the above intentions, the BN will be built
as shown in Fig. 4. The complexity is increased and its
inference will be coarse and not precise.
Nodes which can be measured
"_ Nodes which can not be measured
Fig. 4 BN using a single intention node.
4. EXPERIMENT OF THE MOTION
ESTIMATION OF A TARGET
VEHICLE
4.1 Image processing for automatic acquisition of
learning data
Fig. 5 shows road environment used in an experiment,
where a total road region is divided into squares based on
the lane distance between two adjacent white lines. Thus,
labeling from 1 to 17 is done for the squares on the road
background.
Background image Labeled road regions
Fig. 5 Road environment used in an experiment.
We assume that dependency structure of the BN model
has been already obtained for the road environment of
Fig. 5 as shown in Fig. 6.
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Fig. 6 BN used in an experiment.
The conditional probability distribution must be es-
timated from the data, which is referred to as learning
[3,4]. It is desirable that the learning data must be ac-
quired automatically by very simple image processing.
The background image has already been known, so that
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two-dimensional image processing using only a single
camera put on an upward point is effectively employed
for getting the learning data. In the experiment, the cam-
era was put on a top floor in a building.
(1) Detection of information on the traffic signal sign.
Because the traffic signal sign is located at some fixed
region in the input image, we can easily detect the color
information of blue, red and yellow. This is done by a
RGB feature pattern.
(2)Extraction of the vehicle location.
Because the road background has already been known,
we can get a difference image between the input image
and the background image. If there is a vehicle in the
input image, there are a certain number of non-zero pix-
els in the difference image. By counting up the non-zero
pixels for each labeled square, we select the maximum
one. The vehicle location is detected as the correspond-
ing road region. Fig. 7 shows a detection example, and
the vehicle location is detected as the road region 3.
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Fig. 7 Extraction of a target vehicle.
(3) Detection of the speed and acceleration.
Similarly, the speed and acceleration of a target vehicle
are detected based on the difference image between two
input images at different times. Let the vehicle location at
time tI and time t2 be xl and x2, respectively. The speed
is calculated simply as: (x2-xl)/(t2-tl).
The acceleration can be also calculated from the speed
information at two different times.
(4)Detection of the driver's intentions
The driver's intentions can not be detected at real time,
but off-line monitoring process makes it possible to get
the driving history. Therefore, the intention is acquired
by the trajectory and speed pattern of the target vehicle.
4.2 Probabilistic inference for the motion estimation
using the BN
Using the conditional probability distribution acquired
by the above learning, probabilistic inference for some
input condition is done using a program package of
Bayesian Network Construction System (BayoNet) [5].
The input condition is also called evidence nodes infor-
mation is: The traffic signal sign is blue, the speed of a
target vehicle is 45-60 km/h, and the acceleration is -3--
1.5 m/sec2. The inference result is shown in Fig. 8. The
probability distribution of the driver's intention seems to
be reasonable in this road environment.
Intention 1: Intention whether the Vehicle stops
at the Stop Line
Intention 2: Intention on Acceleration until
the Vehicle reaches the Stop Line
Fig. 8 Graphic display of the probabilistic inference.
5. MOTION ESTIMATION IN THE CASE
WHERE ONE OR MORE VEHICLES
ARE RUNNING AROUND A TARGET
VEHICLE
Until now, we considered only the case where only a
single vehicle exists in the road environment. In practi-
cal situation, multiple vehicles are running in road envi-
ronment as shown in Fig. 9, and vehicles influence their
motions each other. In general, it is difficult to model the
interaction precisely between multiple vehicles. There-
fore, we discuss only a simple model for the interaction
problem.
Let us estimate the motion of the target vehicle using
the information of the neighborhood vehicles of NE, E,
SE, S, SW, W and NW regions as shown in Fig. 10.
If there is no vehicle in the region S at the front of
the running direction, we can estimate the motion of the
target vehicle using the BN of Fig. 11. To simplify the
discussion, only present locations and speeds are used as
the information of neighborhood vehicles.
If there is a vehicle in the region S at the front of the
running direction, we firstly estimate the motion of the
vehicle located in the road region S using the BN of Fig.
11. Then, using the information of both the estimated
future trajectory/speeds of the vehicle in the road region
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Fig. 9 Case where one or more vehicles are running
around a target vehicle.
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Fig. 10 Vehicles around a target vehicle which must be
considered for the estimation.
S, and the present vehicle locations and speeds in the re-
gions of NE, E, SE, SW, W and NW, we can estimate
roughly the target vehicle motion using the BN of Fig. 12.
6. CONCLUSION
To get high-quality motion estimation of a target vehi-
cle, the concepts of the model-by-model BN construc-
tion, location-by-location BN construction and multi-
level driver's intentions are proposed. There still remain
some future problems in the research:
(1) In general road environment, we must build a prac-
tical BN. It is important to build an integrated BN where
common sub-BN components are shared as many as pos-
sible. Such a BN will be of large scale, accordingly an
inference engine implemented by the recent VLSI tech-
nology is required to be developed.
(2)In practical situation, recognition of road envi-
ronment and vehicle information using vision sensors
mounted on an intelligent vehicle is essential based on
3-D image processing technology.
(3) Not only vehicles but also pedestrians must be in-
cluded for the motion estimation in road environment.
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